spruce seedlings presence and density under canopy cover in the UK forests, to be used as a 23 substitution of a regeneration survey. 24
Using a natural regeneration dataset comprised of 340 plots, a Generalized Linear Mixed 25
Model (GLMM) was calibrated to estimate the likelihood of regeneration presence at plot 26 level. Seedling density was simulated in a subsequent step using only the subset of data 27 with regeneration presence (138 plots): we compared methods based on GLMMs calibrated 28 to the observed seedling density, and the simple generation of random numbers similar in 29 distribution to the observed values. We validated the models with a cross-validation 30 method using the calibration dataset, and with an independent dataset of 78 plots collected 31 in forests already in the process of transformation to CCF. 32 particularly in boreal and temperate regions, tends to be sporadic (Miina et al. 2006) . Then, 57 the species composition and density are defined using different statistical approaches, often 58 based on the Weibull or Poisson distribution. 59
Sitka spruce (Picea sitchensis Bong. Carr.) is a prolific seed producer with abundant natural 60 regeneration after clear-cutting both in its natural range (Peterson et al. 1997 ) and in the 61 
Objectives

116
The UK has been defined "data-poor" regarding natural regeneration (Kerr et al. 2011) , and 117 even if the qualitative information is extensive, there are no existing models to 118 quantitatively predict the regeneration occurrence of Sitka spruce under canopy cover. The 119 aim of this research was to prepare such models by investigating as main predictors the 120 factors considered more affecting such processes. We also put emphasis on analysing the 121 methodological approaches available given the constraints of the UK situation. 122
In the absence of studies following the development of regeneration over time, the dataset 123 generated by Kerr et al. (2011) is the most comprehensive regeneration survey of coniferous 124 forests available in the UK to date, covering a wide range of forest structures and 125 geographical areas. We thus decided to use this dataset for calibration. However, there 126 were some limitations. The dataset was produced by a one-off sampling, including neither 127 detailed information on the timing of the regeneration establishment nor on its size. The 128 age of the regenerating trees could have been highly variable, and so could the biological 129 processes they had been through, and/or the stand characteristics at the regeneration 130 event could have been very different from the survey data. The only possible approachusing such a dataset was to model the regeneration "presence", and not the regeneration 132 "occurrence", the latter defined as the seedling establishment within a time interval. We 133 thus calibrated models that could generate a regeneration tally like one produced from a 134 field survey, for stands which do not have this information. First, we modelled the likelihood 135 of Sitka spruce seedling presence, then its density. For each stage we identified the 136 significant variables within the wide range of those included in the original survey. We 137 considered plots as modelling units to allow the predictions to be sensitive to within-stand 138 extracted information on 34 artificially-planted, Sitka-spruce-dominated stands, located in 145 13 forests evenly distributed across most areas of Great Britain where Sitka spruce is 146 present (see original research for more details). In the original survey, ten 0.01 ha circular 147 plots (radius 5.6 m) were laid out in each stand, recording diameter at breast height (DBH, 148 measured at 1.30 m above ground) and species for all trees more than 7 cm DBH. In a 2 m x 149 2 m square located at the centre of the circular plot, the number and species of all trees less 150 than 7 cm DBH were recorded, differentiating between seedlings (height less than 1.30 m) 151 and saplings (height more than 1.30 m). From the 340 plots retrieved, 138 showed at least 152 one Sitka spruce seedling or sapling (40% of the total). We considered those plots to have 153 presence of regeneration. Since saplings occurred in only four plots, in which seedlings were 154 also present, we decided not to differentiate between them. From now on, we will refer toall regenerating trees as seedlings. The main characteristics of the calibration dataset are 156 indicated in Table 2 . 157
Age of the plantation in years (from now on simply Age), Soil Nutrient Regime (SNR), time 158 after last thinning, and Deer Impact Index (DII) were recorded at stand level. We calculated 159 from the original inventory the plot level values for basal area (BA), stems per ha (SPH), and 160 the maximum DBH (maxDBH). From those values we calculated at plot level the quadratic 161 mean diameter (QMD, the diameter of a tree considered as having the average basal area); 162 and the Global Site Factor (GSF) , an indication of the canopy light transmittance, using the 163 relationship established from (Hale et al., 2009) . 164
As an indication of seed availability, we investigated the use of Age and two possible 165 alternatives. Hasenauer & Kindermann (2006) for MOSES used maxDBH (at plot level) to 166 represent a mother-tree effect, while Schweiger & Sterba (1997) used QMD as a substitute 167 for age; both were positively correlated with regeneration occurrence in mixed-species, 168 uneven-aged forests. However, in this dataset both maxDBH and QMD were negatively 169 correlated with regeneration presence (preliminary results not shown). For this reason, 170 maxDBH was considered as a possible indicator of local overstorey competition (see later) 171 while QMD was discarded. 172
The SNR was estimated by the original field surveyor from analysis of the ground vegetation 173 following the Ecological Site Classification criteria (Pyatt et al. 2001 ). Most of the stands 174 were located on sites with either medium or poor SNR (respectively 38% and 53% of the 175 total plots). Those two classes did not show a significant difference from each other in terms 176
of regeneration presence frequency (Fisher's exact test, two-sided: p=0.556, n=310), and9 analysis. The SNR class indirectly influences regeneration due to its effect on ground 179 vegetation, as described previously. Since the dataset included for the 2 m x 2 m plots the 180 percentage of ground covered by different classes of vegetation, we decided to use as 181 candidate variables the favourable ground cover classes of Mosses and Bare Ground, 182 instead of SNR, consistent with the model prepared by Kerr et al. (2012) . 183
We considered the plot-level stand density measures of BA, SPH and maxDBH as a negative 184 proxy for the light regime under the forest cover (higher stand density, lower light level) and 185 so expected to be negatively correlated with regeneration presence. On the other hand, GSF 186 is a direct indication the light regime under the forest cover, expected to be positively 187 correlated with regeneration presence. The time since the last thinning was estimated for 188 each stand using both historical records and evidence on the ground; the expected effect 189 was a negative correlation between the time since the intervention and the likelihood of 190 regeneration. We divided the stands in the present study into three different Thinning 191
Classes (TC) as in Kerr et al. (2011) : TC 1, thinned in the last 1-5 years; TC 2, thinned 6-10 192 years before; TC 3, thinned more than 10 years before or never. We used discrete classes 193 since there was often an uncertainty in the precise timing of the thinning. In some cases, it 194 was observed that a thinning was carried out only in a fraction of the stand. Since we could 195 not identify which specific plots were affected, we assigned an approximate thinning class to 196 the whole stand with a subjective decision (for example, when only half of the stand was 197 reported to be affected by a recent thinning as in TC1, and the rest by none, a TC2 was 198 assigned to all the plots). We considered this variable as numeric. 199 than 25% of the regeneration). Because of the unbalanced distribution (see Table 1 according to different CCF principles, using silvicultural systems ranging from irregular 223 shelterwood to group selection. All stands belonged to Thinning Class 2, but most of themwere thinned more frequently or with higher intensity in the past than stands in the 225 calibration dataset. The situation in all stands was generally a lower tree density than under 226 the traditional management (as defined by Edwards & Christie 1981) , leading to a larger 227 amount of natural regeneration. For each stand, we drew random non-parallel transects on 228 a desktop map and placed on them 10 evenly spaced plots, later located in the field using a 229 GPS receiver. The distance between plots varied with the size of the stand. We followed the 230 same data collection protocol used for the calibration dataset and collected in this way 78 231 plots. The main characteristics of this dataset are shown in Table 3 presence. We repeated the process 34 times, once for each stand. After we estimated in 260 such a way the likelihood of regeneration for each plot, to determine which ones the model 261 would predict to have regeneration, we used two methods. 262
In the first method, we defined a cut-off likelihood value using the Receiver Operator 263
Characteristics (ROC) curve method with the package pROC (Robin et al. 2011). We assigned 264 the presence of regeneration to all plots with a likelihood above the cut-off, and otherwise 265 the absence of regeneration. We estimated this cut-off as the likelihood value that would 266 maximise the sum of sensitivity (the proportion of correctly identified positive plots, that is 267 in this case with presence of regeneration) and specificity (the proportion of correctly 268 identified negatives, that is with absence of regeneration). Once each plot was assigned its 269 simulated status, we built a contingency table to compare the predictions with theobservations. In the second method, we used a stochastic approach (Hasenauer & 271 Kindermann 2006). We generated for each plot a pseudo-random number between 0 and 1. 272
If that number was lower than the regeneration likelihood, the plot was considered to have 273 regeneration, and otherwise without regeneration. We ran the simulation 10,000 times, 274 averaged the results, and built another contingency table. For both methods, we analysed 275 the results also at stand level in the following way. For each stand, we calculated the 276 difference between the total of all simulated regeneration plots minus the total observed 277 ones. We checked the field notes to subjectively investigate why predictions were in error 278 for the stands with the worst results (as in Ferguson et al. 1986 ). For this analysis, we did 279 not consider it important if individual plots were wrongly simulated if the overall predictions 280 at stand level were accurate. 281
Regeneration density 282
We used two approaches. First, we investigated GLMMs using the same random and fixed 283 effects as described above, using the sub-dataset for plots with presence of regeneration (n 284 = 138), and a Gamma distribution with log-link to approximate the seedling distribution. No 285 preliminary model based on all plots with presence of regeneration (n = 138) could converge 286 (results not shown). The importance of the Thinning Class was evident from the sharp 287 difference in seedling distribution amongst the classes, so we decided to calibrate separate 288 models for TC1 and TC 2 & 3 (pooled together due to the lower number of observations). 289
For those two subsets of data, we prepared GLMMs using the same random and fixed 290 effects as described above (excluding Thinning Class). Then we removed non-significant 291
We evaluated its accuracy through comparing predicted and observed values at plot and 293 stand level. 294
For the second approach, we simulated the seedling density simply by generating random 295 numbers that approximated the observed density distribution for each Thinning Class 296 
Independent validation 305
We calculated the likelihood of regeneration presence in the independent validation plots 306 using the best model above selected (calibrated on the full dataset). Then, we used the 307 same two methods as before to assign the presence of regeneration. First, we considered 308 the same cut-off likelihood value previously determined with the ROC method, assigning the 309 status of presence of regeneration to all plots above that threshold. Second, we used the 310 stochastic method to randomly determine the presence or absence of regeneration. For 311 both methods, we built contingency tables at plot level and examined the performance at 312 stand level by comparing the total numbers of simulated and observed plots with 313 regeneration, with the same procedures described above for the cross-validation. Then, we 314 used both seedling density modelling methods prepared with the calibration dataset tosimulate the density in the plots of the independent datasets with observed presence of 316 regeneration. The simulated seedling density was compared with the observed values. 317
Results
318
Regeneration presence
319
The model structure after the step-wise AIC reduction process is shown in Model (1), with 320 more details of the coefficients shown in Error! Reference source not found.. 
322
The model did not converge when the forest-level random effect was included, so we 323 maintained only the stand-level effect. The effect of bare ground was not significant, and it 324 had a weak negative relationship with regeneration, contrary to the hypothesis. Only the 325 quadratic term for BA remained in the best model structure amongst the stand density 326 indicators. Note that values of BA were divided by 100 since they were on a different scale 327 from the other variables. 328
Figure 2 displays how the probability of regeneration changes according to variation in the 329 model variables. Using Model (1), we calculated the likelihood of regeneration presence for 330 new virtual datasets. In Figure 2a , we used a dataset where we allowed only TC to vary 331
(from 1 to 3) while the other fixed effects were kept at the mean values of the calibration 332 dataset (as seen in Table 4 ). In Figures 2b, 2c and 2d, we allowed respectively Age, BA and 333
Mosses to vary across the full range observed in the calibration dataset, while we kept the 334 other fixed effects at their means except for TC. We repeated the analysis changing the 335 Thinning Class, represented by the different lines (decreasing from 1 to 3 from top to 336 bottom). Generally, from TC 1 to 2 there was a stronger decrease in regeneration likelihoodthan from TC 2 to 3. For TC 1, regeneration probability decreases more sharply for Age less 338 than 60 years and BA more than 60 m 2 ha -1 . For TC 2, only in old stands (more than 70 years 339 old) was the probability of regeneration above 0.5, while for TC 3 the likelihood was always 340 low. The effect of mosses on regeneration likelihood was more linear. 341 Figure 3 shows the coefficient values for the model shown in Equation (1) when it was 342 calibrated on the standardized variables. TC had the highest coefficient (i.e. most influential) 343 in absolute terms (1.522), followed by Age (1.255), Mosses (0.701) and BA (0.533). 344
After the cross-validation analysis, with the ROC method, the cut-off likelihood value for the 345 regeneration presence probability was 0.3. Figure 4 shows the ROC curve, that is all the 346 combinations of specificity and sensitivity values obtained by using all the possible cut-off 347 values. The chosen cut-off was the one that maximised their sum and corresponded to the 348 point on the curve closest to the upper left corner, which would be to the ideal case of both 349 specificity and sensitivity equal to 1. For the ROC method, the plots that had an estimated 350 likelihood above 0.3 were considered by the model to have presence of regeneration. For 351 the stochastic method, the pseudo-random generated numbers were checked with the 352 likelihood values for each plot. Table 4 shows the contingency table of using both methods. 353
For the ROC method, the plots correctly predicted (true positives plus true negatives) 354 amounted to 73% of the total. The model estimated with similar accuracy plots with or 355 without presence of regeneration (respectively 76% and 71%). For the stochastic method, 356 there was a markedly lower accuracy in sensitivity (55%) and only a slightly better specificity 357 (74%), bringing the overall accuracy lower than in the ROC method (66%). 358 than 20% (11 with no difference), while five had a difference equal to or larger than 50% 361 (worse than chance). For the stochastic method, very similar results were obtained: 22 362 stands out of 34 had a difference between total observed and predicted regeneration plots 363 equal to or lower than 20% (10 with no difference), while five had a difference equal to or 364 larger than 50%. 365
The worst simulated stands were almost the same stands in both methods. The field notes 366 provided additional insights about them, showing that they were generally the ones 367 subjected to heterogeneous thinning interventions within the same stand, suggesting that 368 the TC class was inaccurate. In stand with fewer simulated regenerating plots than 369 observed, it was also observed that windblow events had opened gaps comparable to a 370 thinning, or that there was precocious cone production in young stands. In stands with more 371 simulated regenerating plots than observed, it was noted that in stands favourable for 372 regeneration according to all the model variables, the limiting factors were likely to be: 373 competing ground vegetation; presence of deer browsing; and lack of cone production. In 374 the two worst over-simulated stands for both methods, the field notes declared that 375 everything seemed suitable for regeneration and its total absence was inexplicable for the 376 surveyor too. 377
Regeneration density
378
In the GLMMs calibrated for TC 1 and TC 2 & 3, only the effect of BA was significant, but 379 with a positive relationship with seedling density in the former class (TC 1) and a negative 380 relationship for the latter group (TC 2 & 3). However, both models showed a very poor fit 381 between the simulated and observed density values and they were discarded (results notThe Weibull distributions fitted to seedling density distribution in each TC are described by 384 the parameters in Table 5 . Figure 5 shows the comparison between the distribution of 385 simulated values of seedlings per ha and the distribution of the observed values, considering 386 all plots with regeneration. While the fit was adequate at whole-population level for each 387 Thinning Class, at stand level it did not provide good results. Generally, there was a poor 388 correspondence between those values: only two stands had a simulated density ± 20% of 389 the observed density. On average, the difference between simulated and observed values 390 was 770 seedlings ha -1 , but with extremes of -177,500 and 59,000 seedlings ha -1 . 391
Independent validation
392
We used Model (1) to calculate the likelihood of regeneration presence in the independent 393 dataset. With the ROC method, we considered regeneration to be present only in the plots 394 with a likelihood greater than the same cut-off likelihood value of the cross-validation 395 process (p = 0.3). The resulting contingency matrix is shown in Table 4 , together with the 396 results of the stochastic method. For the ROC method, while the total accuracy was 82%, 397 this was because almost all plots (76 out of 78) were predicted to have regeneration, giving 398 a sensitivity of 100% and a specificity of only 12%. For the stochastic method, the overall 399 accuracy was again lower than for the ROC method (64%), although sensitivity and 400 specificity were more even. After aggregating the results at stand level, however, worse 401 results were found for the ROC method than for the stochastic method: out of eight stands, 402 respectively four for the ROC method and six for the stochastic method had a difference 403 between total observed and predicted plot with regeneration equal to or lower than 20%. In 404 both methods, two stands had no difference between total observed and predicted plotsRegeneration density was then estimated in the plots with observed regeneration presence 407 (n=62). Only the Weibull distribution approach was used, with the function previously 408 calibrated for Thinning Class 2. The GLMM approach was already deemed too inaccurate. improve the accuracy, it is necessary for the model to know which plots are affected by a 424 tree removal, irrespective of whether it is due to natural mortality or timber extraction. 425
The age of the plantation emerged as the second most important factor. Such a positive 426 effect in the artificial plantations of the present study can be explained by the larger seed 427 production of older trees, and possibly also by the higher number of gaps that can naturally 428 occur in a mature canopy past the self-thinning stage. We tested the use of maximum DBH(at plot level) and quadratic mean diameter (at stand level) as possible alternatives to age, 430 but in this research, they were both negatively correlated with regeneration presence. For 431 maximum DBH, it is likely that large trees present in the small study plots (5.6 m radius) 432 were shading the ground and dispersing their seed outside the plots. Schweiger aged stands seed availability is likely to be a factor not associated with the trees present at 438 local level but with the general production at stand level, with little spatial variation 439 (Malcolm et al. 2001 ). This may change in mixed-species, uneven-aged stands. In those 440 situations, especially since age will not anymore be a suitable measure to describe the stand 441 correctly, better studies on the role of mother trees and seed availability will be necessary. 442
After checking the field notes, cone production that was exceptionally higher or lower than 443 expected for that age of stand was a possible cause of error in the worst-simulated stands, 444
suggesting that seed availability is not only controlled by age, even in single-species 445
plantations. 446
Mosses showed a positive effect on regeneration consistent with previous findings. A thin 447 layer of mosses cover is favourable for germination due to their water retention capacity, 448 but heavy mosses can prevent roots from reaching the mineral soil (von Ow et al. 1996) . The results of the independent validation with the Response Operator Characteristics curve 487 method were not satisfactory since the model predicted regeneration in almost all plots, 488 even if the total accuracy was 82%. Using the stochastic method, the total accuracy was 489 worst (64%), although there was a slightly better balance between sensitivity and specificity. 490
It is evident that the independent dataset is describing a situation largely different from the 491 calibration dataset, noting the differences both in the stand variables (Tables 1 and 2) and 492 the high frequency of plots with regeneration presence (about 80% in the independent 493 dataset versus 40% of the calibration). The independent validation stands surveyed have 494 been managed specifically to obtain natural regeneration. All the stands belonged to the 495 Thinning Class 2, but most of them had been thinned more regularly and with higher 496 intensity than those in the calibration dataset. When we aggregated the results at stand 497 level and considered the difference between the total simulated and total observed plotsstands showed an acceptable error (simulated values within ± 20% of observed values), 500 against half for the Response Operator Characteristics curve method. It seems that the cut-501 off calculated for the cross-validation process cannot be applied to the independent 502 dataset, and although the model still presents problems in its application to continuous 503 cover forestry situations, the stochastic method gave better results in this case. 504
The models tested here for regeneration density did not give results of acceptable accuracy. 505
Generating random numbers from Weibull distributions was, in the present study, the only 506 option found and still produced inadequate results both during the auto-validation and 507 independent validation. Nonetheless, even if the models were deemed too inaccurate, it is 508 interesting to note that the effect of basal area was significant and positive in the seedling 509 density model based only on plots belonging to Thinning Class 1, suggesting a possible 510 mother-tree positive effect. In the model for Thinning Class 2 & 3, basal area had a negative 511 effect, maybe because the already-lower light availability is aggravated by bigger tree size 512 and the overstorey competition effect becomes predominant. Similar results were observed 513 by Page et al. (2001) in Sitka spruce forests in the UK. 514
A very important limitation of both models was the lack of data on the regeneration size or 515 age. Both the regeneration presence and density model did not consider the possibility of 516 other tree species germinating and competing with Sitka spruce, likely another crucial 517 limitation of the use of these models in mixed forest stands resulting from continuous cover 518 forestry practices. Presence of deer browsing, although not statistically significant in this 519 analysis, was found in the field notes as a possible cause of limiting factor for regeneration 520
in some sites where all the model variables were at a beneficial level for regeneration.
Concluding, the tools here described can be used to simulate regeneration presence in 522 traditional Sitka spruce plantations in the UK. Then, the growth of the regeneration can be 523 predicted with the light-growth models presented by Bianchi et al. (2018 Thinning Class Basal Area (m2/ha) 
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